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Abstract

Despite recent progress in LLMs for text style
transfer, most existing methods rely on costly
task-specific training and offer limited control
over separating stylistic modification from con-
tent preservation. We propose Diff4TST, a
diffusion-based language model that formulates
text style transfer as an explicit copy-and-edit
process. Built upon masked diffusion language
models, Diff4TST introduces a style-aware
noise schedule that selectively perturbs stylis-
tic tokens while preserving content-bearing to-
kens during supervised fine-tuning. At infer-
ence time, we further introduce a generate-
then-refine strategy that iteratively improves
style compliance via gradient-based token re-
masking, without reinforcement learning or
external reward models. Extensive experi-
ments on both fine-grained and polarity-based
benchmarks show that DiffATST achieves sub-
stantially improved style accuracy and con-
trollability while maintaining strong content
preservation and fluency. These results suggest
diffusion-based language models as a princi-
pled and effective alternative to autoregressive
pipelines for text style transfer.

1 Introduction

Text Style Transfer (TST) aims to rewrite a given
text to match a specified target style while pre-
serving its original semantic content. (North et al.,
2023; Zhang et al., 2015; Briakou et al., 2021).
Most existing approaches adopt autoregressive
Large Language Models (LLMs) to solve TST,
treating style transfer as a left-to-right generation
process. While effective, such methods typically
rely on supervised fine-tuning or reinforcement
learning to enforce stylistic constraints (Gong et al.,
2019; Jin et al., 2022), thereby incurring substan-
tial computational costs. Moreover, these pipelines
often require carefully designed reward functions
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and multiple training stages, making them complex,
unstable, and difficult to scale or deploy.

While autoregressive LLMs excel at open-ended
text generation, they are not always well suited
for text style transfer. In many style transfer sce-
narios, preserving the original semantics requires
copying a large portion of the input text, while
only a small subset of style-related tokens needs to
be modified (Li et al., 2018a). Treating the task
as full left-to-right generation forces models to
repeatedly regenerate factual content (Guu et al.,
2018), which can introduce unnecessary model-
ing complexity and dilute the learning signal for
stylistic transformation, thereby reducing training
efficiency. Inspired by recent progress in discrete
diffusion language models (Nie et al.), we reformu-
late text style transfer as an explicit copy-and-edit
process. Unlike autoregressive decoding, diffusion-
based models generate tokens in parallel and sup-
port iterative refinement, naturally aligning with
the localized and incremental nature of stylistic
edits (Zhang et al., 2025). By enabling gradual,
token-level modifications while preserving most
of the original content, diffusion models provide a
principled and efficient foundation for controllable
text style transfer.

Despite this promise, applying discrete diffu-
sion language models to controllable text style
transfer remains underexplored. Existing diffusion-
based approaches typically employ uniform noise
schedules that mask tokens indiscriminately, en-
couraging global rewriting rather than targeted ed-
its (Schiff et al., 2025). As a result, stylistically
salient tokens are not explicitly prioritized during
training. Moreover, the standard reverse diffusion
process alone does not guarantee that generated
outputs strictly satisfy desired style constraints.

To address these challenges, we propose
Diff4TST, a masked diffusion language model tai-
lored for arbitrary text style transfer. Built upon
LLaDA (Nie et al.), Diff4TST introduces two key
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Figure 1: Overview of Diff4TST framework.

components. First, we design a style-aware noise
schedule to involve in the supervised fine-tuning
stage that explicitly distinguishes stylistic edits
from content-preserving tokens, encouraging mini-
mal and targeted rewriting. Second, we propose a
generate-then-refine inference framework, which
iteratively identifies and regenerates style-critical
tokens using gradient-based attribution. This frame-
work enforces style constraints without reinforce-
ment learning or handcrafted reward models, result-
ing in a simpler, more stable, and easily deployable
system. Extensive experiments demonstrate that
Diff4TST generalizes well and achieves strong per-
formance across diverse style transfer tasks, under-
scoring the suitability of diffusion-based language
models for controllable text style transfer that re-
quires precise and minimal edits. The contributions
of this work can be summarized as:

* We propose Diff4TST, an innovative masked
diffusion language model for text style trans-
fer. This model involves a style-aware noise
schedule that prioritizes stylistic pivots over
uniform token corruption and a generate-then-
refine inference framework that facilitates con-
trollable rewriting.

* We conduct extensive experiments on four
TST benchmarks, including polarity style and
fine-grained style transfer. The new diffusion-
based paradigm surpasses advanced baselines
and achieves the best performance in the per-

spectives of accuracy, preservation, and flu-
ency in most cases.

2 Related Work

Diffusion Models for Text. Diffusion models
have shown strong performance in vision, espe-
cially for image synthesis and editing via iterative
denoising (Ho et al., 2020; Rombach et al., 2022;
Austin et al., 2021), motivating their extension to
language generation. Early diffusion-based text
models operated in continuous latent spaces, in-
jecting Gaussian noise into token embeddings or
latent representations (Hoogeboom et al., 2021; Li
et al., 2022; Lin et al., 2023; Gong et al., 2023), but
often relied on continuous relaxations or auxiliary
autoencoders, limiting precise token-level control.
More recent work has explored discrete diffusion
language models that directly operate on token se-
quences (Austin et al., 2021; Zhou et al., 2024).
Mask-based discrete diffusion formulates gener-
ation as iterative denoising over masked tokens,
enabling parallel prediction and bidirectional con-
text modeling (Ye et al., 2025; Gong et al., 2025).
This paradigm naturally supports localized edit-
ing and iterative refinement, making it a promising
foundation for controllable text rewriting tasks.

Text Style Transfer. TST has been studied across
diverse applications, including education, legal
writing, and social media moderation (Tan et al.,
2024a; Li et al., 2021). Existing approaches mainly
fall into two categories: attribute substitution and
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sentence generation.

Attribute substitution methods identify style-
bearing tokens and replace them using lexicons,
classifiers, or mapping functions (Li et al., 2018b;
Sudhakar et al., 2019; Lee, 2020; Fu et al., 2018;
Luo et al., 2019). While effective for coarse po-
larity transfer, they often suffer from semantic in-
consistency and limited flexibility for fine-grained
style control.

Sentence generation methods directly produce
text in the target style using neural language mod-
els. Non-disentangled approaches, such as prompt-
based rewriting and instruction tuning (Reif et al.,
2022; Suzgun et al., 2022; Mukherjee and Dusek,
2023; Zong et al., 2024), are flexible but lack ex-
plicit mechanisms for regulating stylistic intensity.
Reinforcement learning extensions (Deng et al.,
2022; Liu et al., 2024) mainly optimize global style
alignment. In contrast, disentangled methods (Han
et al., 2024) introduce auxiliary objectives to sep-
arate style and content, enabling finer control at
the cost of increased annotation and modeling com-
plexity.

3 Preliminaries

3.1 Text Style Transfer

We assume a predefined style space S, which rep-
resents a set of categorical or discrete stylistic at-
tributes. Formally, given an input text X associated
with a source style s, the goal of TST is to gener-
ate a target text Y that conforms to a specified style
sy, where s;, s, € S and s, # s,. During training,
paired examples (X, Yz)f\;l annotated with their
corresponding styles are provided. At inference
time, a TST system is expected to generalize to
unseen inputs and transfer them to arbitrary tar-
get styles in S, while maintaining the underlying
meaning of the original text.

3.2 Masked Diffusion Language Models

Masked Diffusion Language Models (MDLMs) de-
fine a model distribution fy(z¢) through a forward
process and a reverse process. g iS a sequence
of tokens at ¢ = 0. The forward process gradu-
ally masks tokens independently in zg until the se-
quence is fully masked at ¢ = 1. For t € (0, 1), the
sequence x is partially masked, with each being
masked with probability oy (i.e., a noise schedule)
or remaining unmasked with probability 1 — ;.
The reverse process recovers the data distribution
by iteratively predicting masked tokens at ¢ moves

from 1 to 0.

To train a MDLM, a forward process with a spe-
cific form of «; is designed. We parameterize a bi-
directional unmasking predictor fy(-|z;) that takes
x; as input and predicts all masked tokens simul-
taneously. In this study, we highlight the specific
noise schedule oy = ¢ designed in LLaDA and
d1l (Zhao et al., 2025), which is a representative
of MDLMs. Then the objective function of them
is presented with the cross-entropy loss computed
only on the masked tokens:

1
L0) = Etanar | 77 2 logfo(af | @1) |
t ‘l't| keMqy

M, = {k ‘ ok = [MASKJ}

where t is sampled from an uniform distribution
t ~ U(0,1), xg ~ pgaa is the observable data
collected from real world, z; ~ qo(7¢ | o) is
a fully masked sequence applied by «; and M;
denotes the set of positions of the masked tokens.
Note that the loss is only calculated for tokens that
are masked out in timestep ¢.

It is worth noting that the key difference between
MDLMs and BERT (Devlin et al., 2019) is that the
latter uses a fixed masking ratio and the decoding
is a single-step infilling process, whereas MDLMs
use time-varying noise schedule for masking and
the decoding process performs multi-step denoising
from the full noise.

4 Our Method: Diff4TST

Our approach formulates text style transfer as a
conditional generation problem under an MDLM
framework. As illustrated in Figure 1, we adopt
a diffusion language model to progressively trans-
form a source style sentence into the target style
through a sequence of denoising steps.

To support effective stylistic control, we design
a style-aware noise schedule that allows the model
to selectively perturb stylistic components while
retaining non-stylistic or content information. At
the SFT stage, for each paired example, we ex-
tract the token-level edits by aligning the source to
target text, allowing the model to explicitly distin-
guish stylistic modification from content preserva-
tion. The MDLM is fine-tuned on these stylistic
contents, encouraging it to rewrite stylistic tokens
while copying content tokens, thereby learning to
perform controlled style transfer within the diffu-
sion process (cf. Section 4.1).
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At the inference stage, given a source sentence
and a desired target style, we first generate an
initial rewrite using the fine-tuned diffusion lan-
guage model. To ensure that the generated sen-
tence adheres to the target style without additional
training, we introduce a generate-then-refine infer-
ence framework. After obtaining the initial output,
we employ an external style classifier to compute
token-level gradient attribution with respect to the
target style. Tokens that contribute most to the style
mismatch are identified and selectively re-masked,
after which the diffusion language model performs
an additional denoising step to refine the output (cf.
Section 4.2).

4.1 Diffusion Language Model for TST

4.1.1 Unmasking Predictor for TST fy(-|x;)

We define the unmasking predictor used for TST
task as a conditional text generator, where x( con-
sists of an instruction followed by the source text
and target text, denoting as:

x9 = PROMPT ® X © Y @ [EOS],

where PROMPT is the instruction template indicat-
ing the target style. X and Y are the parallel text
sampled from the training set. [EOS] is the marker
of end-of-answer.

Considering the task formulation, we prompt the
model to condition on the instruction template and
source text, generate the target text. Hence, x; is in
the format of:

x; = PROMPT @& X @ [MASK], ..., [MASK] @ [E0S]. (1)

Our unmasking predictor fy(+|z;) is able to infer
the masked tokens in Y based on its contexts. We
follow the model design of LLaDA (Nie et al.) and
adopt the open-source backbone GSAI-ML/LLaDA-
8B-Instruct as the unmasking predictor. Its archi-
tecture is specifically designed for conditional to-
ken restoration under partial corruption, making it
well-suited to our unmasking objective.

4.1.2 Style-aware Noise Schedule o,

The noise schedule a; plays a central role in
diffusion-based text generation, as it governs the
formation of the style-aware masked token set M
at timestep t. The existing MDLMs usually con-
sider the same probability for all the tokens in g
during masking. In LLaDA, the noise schedule
oy = t specifies that each token is independently

masked with unified probability ¢ during supervised
fine-tuning. However, this design is suboptimal
for text style transfer, as a uniform noise sched-
ule is fundamentally misaligned with the sparse-
edit nature of the task. By distributing learning
signals uniformly across all tokens, it fails to em-
phasize stylistically salient regions that actually re-
quire modification. Moreover, applying denoising
to largely immutable or factual tokens introduces
unnecessary training noise, hindering the model’s
capacity for minimal and precise stylistic refine-
ment. Together, these limitations motivate a noise
schedule that explicitly differentiates stylistic edits
from content preservation.

To bridge the gaps, we design a style-aware noise
schedule. The motivation for this design stems
from the observation that stylistic tokens are fre-
quently edited during style transfer, thereby making
them easier to identify, whereas non-stylistic tokens
are typically preserved. Therefore, we first identify
the type of tokens in text. For each (X,Y") pair,
we apply a token-level Levenshtein alignment algo-
rithm that dynamically selects the alignment maxi-
mizing matches between the source and target texts,
and extracts token-level edit operations (Bryant
et al., 2023). This process yields a sequence of
token-level annotations that distinguish unchanged
tokens ([COPY]) from edited tokens ([EDIT]), in-
cluding insertions, deletions, and substitutions.

During the forward process, we sample a
timestep ¢ € (0,1) and corrupt tokens in Y to
obtain a noise text x;, where the noise schedule o
for [COPY] and [EDIT] tokens are defined as:

o ([EDIT]) = ¢,
a([COPY]) = (1 —1) 1_C(2)S(7Tt),
where r denotes the edit ratio of the text, i.e., the
fraction of the target tokens labeled as [EDIT].
Compared to the linear noise schedule oy = ¢, the
flat initial slope of the cosine-based schedule avoids
excessive corruption in early timesteps, while its
steeper behavior in later timesteps enables stronger
refinement. A larger r suppresses the copy rate,
encouraging the model to focus more on the edited
spans rather than redundant token preservation. To-
gether, this noise schedule design induces a masked
token set M, that biases the diffusion process to-
ward stylistic refinement.

Besides, we also incorporate different weights
for [COPY] and [EDIT] tokens by introducing a
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style-aware coefficient 3; to the cross-entropy loss:

£(6) = S htom fo (uh | )

t |xt’ keM;

gk — t, zk  with [EDIT],
! 1-1t¢, azlg

with [COPY].

Accordingly, we design the noise schedule to
primarily focus on edited tokens, encouraging the
model to learn how to substitute stylistic tokens
under minimal modification constraints. This prob-
ability reflects the intrinsic transformation of text
style transfer and leads to more controllable and
semantically faithful generation.

_Et,avo,xf,

4.2 Generate-then-refine Inference

Unlike the traditional reverse process of MDLMs,
we design a generate-then-refine process to denoise
the text. During the inference stage, our method
first generates a complete text, which serves as
a strong initial hypothesis for style transferring.
Then, our method refines the hypothesis by re-
visiting the stylistic tokens in it and partially re-
generates these tokens.

Generation stage. We follow the reverse denois-
ing process of MDLMs and iteratively denoise
the masked sequence. We initialize z; as a fully
masked target sequence, as shown in Equation 1.
At each reverse step, the unmasking predictor
fo(+ | =) takes the current partially masked se-
quence as input and predicts token distributions for
masked positions in parallel. Following LLaDA,
we adopt a low-confidence re-masking strategy,
where tokens with low prediction confidence are
re-masked. Formally, for each masked position &,
we sample

af |~ Categorical (fo(- | z4)k)-

where 2 | denotes the token sampled at position
k at the next reverse step, which ensures the transi-
tion of the reverse process aligns with the forward
process for accurate sampling. Through iterative
prediction and confidence-based re-masking, the
sequence gradually converges to a complete and
stable output zy at this stage.

Refinement stage. Regarding Z(, there may exist
some attribute discrepancies. For example, given
the task “rewrite the text for elementary students”,
the college level input sentence is “Education is the

most potent and intellectually consequential instru-
ment which one may employ to effect transforma-
tive change in the global milieu.” is expected to be
,simplified to the elementary level. However, after
generation stage, the model outputs “Education is
the powerful weapon that you can use to change the
world.”, which is middle level rather than the de-
sired elementary level. This discrepancy motivates
the refinement stage, where gradient-based token
re-masking selectively identifies high-complexity
terms for regeneration. To omit the discrepancies,
we re-mask the stylistic tokens in the generated
hypothesis via gradient analysis following past
work (Ebrahimi et al., 2018). We define a set of the
re-masked tokens as:

M < argmaxz; ¢z I Vi Letassifier||2,

where the cross-entropy loss Ljassifier Was com-
puted based on a style classifier based on
distilbert-base-uncased with a single linear
classification head. The lightweight style classi-
fier was trained using the same training data as
Diff4TST. Let 5(6 denote the embedding of the
i-th token. We take the /o-norm of the gradient
\|V,~(6 L lassifier||2 @s its importance score and rank
all tokens accordingly. To perform selective refine-
ment, we re-mask the top tokens based on their gra-
dient magnitude, which is adaptively determined
by the distance to the target style.

We re-perform denoising but on re-masked to-
kens in ¢ by conducting the same sampling as
mentioned in generation stage. After a full se-
quence is predicted, we evaluate whether the re-
finement meets the target level. If satisfied, the
refinement loop terminates early; otherwise, the
gradient-based refinement and denoising are re-
peated until convergence or until a predefined max-
imum iteration budget is reached. This results in
the final generation outcome Z.

S5 Experimental Setup

5.1 Datasets and Evaluation

We evaluate DiffATST on representative text style
transfer benchmarks with varying granularity.

Polarity style. The target style is binary, and
the task requires transforming text between two
opposing attributes. We evaluate our model on
two widely used public benchmarks to facilitate
comparison with prior work. GYAFC (Rao and
Tetreault, 2018) is a sentence-level formality trans-
fer dataset consisting of parallel {informal < for-
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Model \ Style Transfer Accuracy 1 | Content Preservation (LaBSE) 1 | Fluency (Perplexity) |
GYAFC ParaDetox GYAFC ParaDetox GYAFC ParaDetox
informal <> formal \ toxic < neutral | informal <> formal \ toxic <> neutral | informal <> formal \ toxic < neutral
LLaMA-3-8B | 80.00 11.20 47.67 29.04 |0.75 0.90 0.77 0.86 92.53 87.69 113.84 191.30
APE 74.00 12.20 47.57 2844 |0.75 0.88 0.78 0.87 94.27 89.93 133.12 188.34
AVF 76.00 12.40 47.57 2844 10.74 0.88 0.78 0.87 96.63 89.36 131.10 191.29
PNMA 73.85 8.70 4243 2379 |0.79 0.90 0.79 0.89 103.61 90.85 136.27 194.71
sNeuron-TST | 80.80 14.40 5536 3198 |0.74 0.89 0.74 0.81 90.79 81.46 85.65 172.26
DiffATST 99.12 84.56 98.36  96.34 | 0.72 0.77 0.81 0.86 33.33 90.36 63.18 89.08

Table 1: Main results of polarity style transfer. “Style Transfer Accuracy” measures the accuracy of the labels
predicted by a well-trained style classifier. “Content Preservation” measures the preserved contents of the original
text. “Fluency” measures the perplexity of the generated sentences. The baseline results are copied from study (Lai

etal., 2024).

mal} sentence pairs collected from Yahoo An-
swers. Following standard practice, we use the
Family & Relationships domain for evaluation. PA-
RADETOX (Logacheva et al., 2022) is a dataset
for toxicity style transfer with polarity {roxic <+
neutral}, where toxic sentences are rewritten into
neutral ones with keeping semantics unchanged.
Fine-grained style. The target style contains mul-
tiple intensities. CNN/DM (Hermann et al., 2015)
is a fine-grained readability transfer dataset. Fol-
lowing prior work, we compute the Flesch Reading
Ease (FRE) score (Flesch, 1948) for both the origi-
nal texts and their summaries, and partition the data
into four readability levels: {elementary school (1)
— middle school (2) — high school (3) — college
(4)}. YELP is a review dataset (Zhang et al., 2015)
for fine-grained sentiment transfer. Each review is
labeled with a rating from 1 to 5 stars, correspond-
ing to {very negative (1) — negative (2) — neutral
(3) — positive (4) — very positive (5)}.!

We evaluate our approach with official evalua-
tion metrics for these benchmarks following stan-
dard evaluation protocols?.

5.2 Baselines

Polarity style. For polarity-based style transfer, we
compare our method against a set of autoregressive
baselines that steer generation by manipulating in-
ternal neuron activations: (1) LLaMA-3-8B, used
without additional fine-tuning; (2) APE (Tang et al.,
2024); (3) AVF (Tan et al., 2024b); (4) PNMA (Ko-
jima et al., 2024); and (5) sNeuron-TST (Lai et al.,
2024).

Fine-grained style. We compare our diffusion-
based approach with baselines built upon autore-
gressive language modeling and reinforcement
learning. Specifically, we include: (1) GPT-4o-

'The details of the datasets are shown in the Appendix A

2We display the detailed evaluation metrics for each bench-
mark in Appendix B.

mini and GPT-5 as autoregressive baselines and
(2) LLaDA-8B-Instruct as zero-shot where style
transfer is achieved purely via prompting without
task-specific fine-tuning. In addition, we consider
(3) an SFT+PPO baseline based on a T5-large
backbone (Gu et al., 2026) , following the standard
supervised fine-tuning followed by reinforcement
learning optimization paradigm for controllable
text generation. This baseline relies on carefully
designed reward functions to encourage style align-
ment while preserving semantic content.

5.3 Implementation Details

We follow (Zhao et al., 2025) for implementa-
tions and training configurations of diffusion lan-
guage models. The model is trained with AdamW
(1 x 107° Ir, 0.1 weight decay) for 10 epochs with
global batch size 16, FP16 precision, and gradient
clipping at 1.0. Generation uses 64 diffusion steps,
and refinement is limited to at most 5 iterations.

6 Results
6.1 Main Results

As shown in Table 1 and Table 2, we evaluate
Diff4TST on both fine-grained and polarity style
transfer benchmarks. Overall, our method achieves
lower deviation from target styles than all baselines
by an overwhelming majority, indicating the supe-
riority of our method in various text style transfer
scenarios.

Regarding polarity style transfer tasks, Diff4TST
attains high style transfer accuracy in arbitrary
directions. As shown in Table 1, our method
improves formality transfer accuracy on GYAFC
from state-of-the-art 80.8/14.4 (sNeuron-TST) to
99.1/84.6, and achieves over 95% accuracy on both
directions of toxicity transfer on ParaDetox. At
the same time, DiffATST maintains comparable or
better content preservation and achieves lower per-
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Readability (CNN/DM)

Level (s,) GPT-5 GPT-40-mini LLaDA-8B-Instruct T5-large (SFT+PPO) Diff4TST

Sy FRE FREA| FRE FREA| FRE FREA | FRE FREA | FRE FREa |
Elementary school 75.02 14.98 70.96 19.04 71.12 18.88 79.96 10.04 85.42 4.58
Middle school 67.66 2.34 65.41 4.59 68.01 1.91 64.65 535 69.36 0.64
High school 58.65 8.65 60.73 10.73 60.77 10.77 48.92 1.08 50.10 0.10
College 45.33 25.33 47.42 27.42 45.59 25.59 25.71 5.71 24.28 4.28
Average - 12.83 - 15.44 - 14.28 - 5.55 - 2.40

Sentiment (Yelp)

Level (s,) GPT-5 GPT-40-mini LLaDA-8B-Instruct T5-large (SFT+PPO) Diff4TST

oY STAR STARA | STAR STARA ] STAR STARA | STAR STARA | STAR STARa |
Very Negative 1.2802 0.2802 1.5190 0.5190  1.3066 0.3066 1.2114 0.2114 1.0186  0.0186
Negative 1.1210  0.8790 1.8018 0.1982  1.3156 0.6844 2.3234 0.3234 2.0940  0.0940
Neutral 23099  0.6901 29476  0.0524  2.2315 0.7685 3.3748 0.3748 2.9990  0.0010
Positive 42219 02219 43652 03652  3.8888 0.1112 4.1462 0.1462 4.3084 0.3084
Very Positive 49533 0.0467 4.6032 0.3968  4.8249 0.1751 4.9374 0.0374 5.0000  0.0000
Average - 0.4236 - 0.3063 - 0.4092 - 0.2186 - 0.0844

Table 2: Main results of fine-grained style transfer. “FRE” measures the readability score of the text. “STAR”
denotes the sentiment intensity of the text predicted by a well-trained classifier. We also report target attribute scores
and deviation from desired styles (A, lower is better). The baseline results are copied from study (Gu et al., 2026).

Readability Level | Target Flesch | Method

Flesch Score FREA | Success Rate 1

w\o style-aware noise schedule 79.97 10.03 49.41%
Elementary 90 w0 generate-then-refine framework 83.61 6.39 70.44%
Diff4TST 85.42 4.58 92.36%
w0 style-aware noise schedule 65.86 14.14 57.64%
Middle 70 w\o generate-then-refine framework 67.68 2.32 66.98%
Diff4TST 69.36 0.64 93.91%
w\o style-aware noise schedule 50.55 0.55 45.63%
High 50 w0 generate-then-refine framework 49.41 0.59 56.31%
Diff4TST 50.10 0.10 92.04%
w\o style-aware noise schedule 31.10 11.10 77.32%
College 20 w0 generate-then-refine framework 24.68 4.68 85.80%
Diff4TST 24.28 4.28 96.88%
w\o style-aware noise schedule - 8.96 57.35%
Overall - w\o generate-then-refine framework - 3.50 69.77%
Diff4TST - 2.40 93.77%

Table 3: Ablation study on CNN/DM benchmark. “Target Flesch” denotes the target score of different levels.
“Success Rate” denotes the proportion of samples that reach the target level.

plexity on most cases, indicating the outstanding
capability in text generation of our method. These
results demonstrate that our MDLM framework can
effectively balance style control, content preserva-
tion, and fluency under polarity constraints.

Regarding fine-grained style transfer tasks,
DiffATST yields substantially smaller attribute
deviations across all target levels. Especially,
on CNN/DailyMail benchmark, our method re-
duces the average FRE deviation to 2.40, whereas
strong large language model baselines operating
in a zero-shot manner exhibit deviations exceed-
ing 14 on average. Similarly, on Yelp benchmark,
Diff4TST achieves the lowest average STAR devi-
ation (0.084), indicating much stronger alignment
with the desired sentiment levels. These results
suggest that our method is particularly effective in
intensive style space that requires precise control
over the style intensity levels.

6.2 Ablation Study

We conduct ablation studies on CNN/DM bench-
mark to analyze how different components con-
tribute to readability style transfer.

Ablation on framework components. As we
can see from Table 3, when adopting LLaDA’s
original noise schedule a; = ¢, the model applies
a uniform probability across all tokens. The dra-
matic performance depreciation confirms that uni-
form masking disperses attention across the entire
sentence and fails to emphasize style-bearing pivot
tokens. Discarding the generate-then-refine infer-
ence strategy also degrades the performance. But
compared with the effect of the style-aware noise
schedule, it is less significant. The results sug-
gest that the style-aware noise schedule and the
generate-then-refine inference play complementary
roles in achieving precise control of readability.
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Rewrite the following text for college students:

“Brat surprised GOP leaders on Tuesday when he beat their No. 2
House leader in the Virginia 7th District primary. He is a 49-
year-old professor at Randolph-Macon College. He won by running on
a very conservative plan against immigration. He earned a PhD in
economics from American University and a master's degree from
Princeton Theological Seminary. He lives in Glen Allen, Virginia,
with his wife Laura and their two children.”

Level: high

Generation Stage (Subpar)

On Tuesday, a man named Brat surprised the Republican Party when
he won a big election in Virginia's 7th Congressional district.
Brat, who is 49 years old, is a professor at Randolph-Macon
College. He won the election because he has a very conservative
view on immigration, which means he doesn't like people coming
into the country from other countries. Brat went to two famous
schools, American University and Princeton Theological Seminary,
where he got his degrees. He lives with his wife Laura and their

two children in Glen Allen, Virginia.
() X  ceve: igh ]

Gradient Attribution Ranking (Classifier)

mnn n 0.0506 0.0568 0,085 Ry o850 j0.0862]
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—————————————— Rankings are highly consistent!l -@-----------1
CEFR Attribution Ranking
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fil Stage (C liant)

On Tuesday, a candidate named Brat surprised the Republican Party
when he defeated a big election in Virginia's 7th Congressional
district. Brat, who is 49 years old, is a professor at Randolph-
Macon College. He gained the election because he holds a strongly
conservative view on immigration, which means he doesn't support
people {flowing into the USA from another countries. Brat attended
to two famous schools, American University and Princeton

Theological Seminary, where he peceived his degrees. He lives with

his wife Laura and their two children in Glen Allen, Virginia.
@ Flesch Score: 39.11 Level: college

Figure 2: An example showcasing the effect of generate-then-refinement inference. The text produced at the
generation stage cannot satisfy the target style. Next, stylistic tokens are re-masked (shown with yellow highlight
in the left bottom box) and re-generated (shown with fgteéen’ highlight in the right bottom box). We display the
identified attributed tokens in the right top box, which exhibit a high degree of consistency with CEFR levels.

We further visualize the difficulty transitions across
target readability levels to examine the stability of
fine-grained control.?

Ablation on noise schedule. As shown in Table
4, we further study the impact of different copy-
mask scheduling strategies on readability style
transfer. Results show that dynamically adjusting
the copy probability consistently improves control-
lability compared to a fixed noise schedule, leading
to lower attribute deviation and higher target hit
rates. *

Readability Level | Method Flesch Score FREA | Success Rate 1
Fixed NS 79.06 10.94 47.00%
Elementary K
Diff4TST* 83.61 6.39 70.44%
. Fixed NS 66.07 3.93 62.10%
Middle
Diff4TST* 67.68 2.32 66.98 %
Hich Fixed NS 49.73 0.27 47.80%
io
£ DIff4TST*  49.41 0.59 56.31%
Fixed NS 27.11 7.11 85.00%
College K
Diff4ATST* 24.68 4.68 85.80%
Fixed NS - 5.56 60.48%
Overall
Diff4TST* - 3.50 69.77 %

Table 4: Ablation study on CNN/DM benchmark. “Fixed
NS” denotes we fix Noise Schedule in the diffusion
model for [COPY] tokens, which is a fixed value of 0.3,
indicating the overall ratio of copy labels in the train-
ing corpus rather than fluctuating with each sentence.
DiffATST* denotes the proposed model trained with the
style-aware cosine noise schedule, without the generate-
then-refine inference stage.

3 Additional analysis and visualization of readability-level
transitions are provided in Appendix C.

“Detailed comparisons and analysis are provided in Ap-
pendix D.

6.3 Case Study

Figure 2 presents an example of CNN/DM. The
original sentence is identified as the high level with
a Flesch score of 51.17, and the task requires to
transfer it to the college level with a target Flesch
score of 20. Directly applying the fine-tuned dif-
fusion language model leads to a sentence with
reduced Flesch score but still does not attain the
target range. After applying the refinement stage,
these tokens are selectively re-masked and regen-
erated with full contextual access, encouraging
the model to modify them toward a target style.
The final output successfully falls within the target
Flesch score range. Notably, the tokens selected
by our gradient analysis closely aligns with the
CEFR-based (Common European Framework of
Reference for Languages) (Little, 2006) vocabu-
lary readability assessment, further validating the
effectiveness of our token-level refinement strategy.

7 Conclusion

In this paper, we propose Diff4TST, a diffusion-
based method for text style transfer, which enables
targeted stylistic transfer while preserving the se-
mantic content of a given text. Diff4ATST incorpo-
rates a style-aware noise schedule that prioritizes
stylistic pivots over uniform token corruption and
a generate-then-refine inference framework that
facilitates controllable rewriting. Extensive ex-
periments on four text style transfer benchmarks
demonstrate the superiority of Diff4TST.
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Limitations

Despite its effectiveness, DiffATST has several
limitations. First, the generate-then-refine infer-
ence procedure introduces additional iterative steps
compared to single-pass autoregressive decoding,
which may lead to increased latency in real-time or
low-latency settings. Moreover, our experiments
are limited to English datasets and sentence-level
rewriting. Extending Diff4TST to multilingual sce-
narios, longer-form documents, and more complex
discourse-level style transformations remains an
important direction for future work.
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A Datasets Details

Table 5 reports the statistics of the constructed
training datasets for fine-grained style transfer. All
datasets are used exclusively for supervised fine-
tuning, where parallel sentence pairs are formed by
aligning samples across different style attributes.

Attributes Train  Test
Elementary School 4,000
Middle School 4,000

Scores
80 < FRE < 100
60 < FRE < 80

Dataset

CNNDailyMail )~ pRrE < 60 High School 4000 0%
0 < FRE < 40 College 4,000
5 stars Very Positive 4,000
4 stars Positive 4,000
Yelp 3 stars Neutral 4,000 5,000
2 stars Negative 4,000
1 star Very Negative 4,000

Table 5: Overview of fine-grained style attributes used
in our experiments. For readability control, samples
are grouped by Flesch score ranges on CNN/DailyMail.
For sentiment control, Yelp reviews are categorized by
star ratings. The training size denotes the number of
constructed parallel sentence pairs per attribute level.

B Evaluation Metrics

B.1 Polarity style

Style Accuracy. We report the accuracy of labels
predicted as correct by a style classifier.

Content Preservation. We measure content
preservation by computing the cosine similarity
between the embeddings of the original text and
the text generated by the model. Sentence embed-
dings are obtained using LaBSE (Feng et al., 2022)
as our primary metric.

Fluency. We evaluate fluency using the perplex-
ity of the generated sentences computed by GPT-2
(Radford et al., 2019).

B.2 Fine-grained style

Readability. We measure readability using the
Flesch Reading Ease (FRE) score, a widely
adopted metric that reflects sentence complexity
and word-level difficulty. For fine-grained control,
we quantify deviation from the target readability
level by computing the absolute difference between
the FRE score of the generated text and the mid-
point of the target readability range. The Flesch
Reading Ease (FRE) score to quantify the readabil-
ity of generated text is defined as:

total words

total sentences )
total syllables

FRE = 206.835 — 1.015 -

— 84.6 .
total words

Difficulty Heat Map

o)
ooow oo
o oo )5

H

Figure 3: Difficulty transition heatmap showing genera-
tion results across four target readability levels.

To measure deviation from the target readability
level, we compute:

FREA = |FRE; — FRE;,

; 3)

where FRE; denotes the FRE score of the gener-
ated text, and FRE;, is the midpoint of the prede-
fined target readability range.

Sentiment. For sentiment transfer, we employ a
pretrained sentiment classifier to predict the senti-
ment intensity (STAR) of the generated text. We
measure controllability by computing the absolute
deviation between the predicted sentiment class
and the target sentiment label, which is defined as:

STARA = |STAR; — STAR,, |,  (4)

where STAR is the predicted sentiment class of
the generated text, and STAR, is the target senti-
ment label.

C Additional Analysis on Readability
Control

As shown in Figure 3, the difficulty transi-
tion heatmap presents a clear diagonal domi-
nance across the four readability targets (ele-
mentary—college), suggesting that generated texts
strongly align with the desired difficulty levels. Our
approach achieves more than 92% accuracy for
all transitions, with very limited off-target drift, a
pattern that also persists across other evaluation
datasets.

D Additional Ablation on Copy-Mask
Scheduling

We investigate how different copy-mask scheduling
strategies influence style transfer performance dur-
ing the supervised fine-tuning (SFT) stage. Read-
ability transfer typically requires modifying only a
small subset of stylistic tokens, while most factual
content should be preserved. Under this setting,
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uniformly masking COPY tokens may introduce
unnecessary noise and limit the model’s ability to
perform subtle stylistic refinement. We compare
two copy-mask strategies. (1) Fixed Noise Sched-
ule, where COPY tokens follow a constant masking
ratio, and (2) Cosine Noise Schedule, where the
copy probability is dynamically annealed using a
cosine schedule. The cosine strategy consistently
achieves lower attribute deviation and higher target
hit rates across all readability levels. This indi-
cates that dynamically adjusting copy probabilities
encourages balanced editing behavior, preventing
over-rewriting while better preserving factual con-
tent.
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